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Abstract: Land use/land cover (LULC) change is one of the most important indicators in
understanding the interactions between humans and the environment. Traditionally, when LULC
maps are produced yearly, most existing remote-sensing methods have to collect ground reference
data annually, as the classifiers have to be trained individually in each corresponding year. This study
presented a novel strategy to map LULC classes without training samples or assigning parameters.
First of all, several novel indices were carefully selected from the index pool, which were able
to highlight certain LULC very well. Following this, a common unsupervised classifier was
employed to extract the LULC from the associated index image without assigning thresholds.
Finally, a supervised classification was implemented with samples automatically collected from
the unsupervised classification outputs. Results illustrated that the proposed method could achieve
satisfactory performance, reaching similar accuracies to traditional approaches. Findings of this study
demonstrate that the proposed strategy is a simple and effective alternative to mapping urban LULC.
With the proposed strategy, the budget and time required for remote-sensing data processing could
be reduced dramatically.
Keywords: urbanization; remote-sensing indices; unsupervised classification; automated supervised
classification
1. Introduction
1.1. Urbanization in Developing Countries
Land use/land cover (LULC) change is one of the most important indicators in understanding
the impact of human activities on the environment, which seem unprecedented despite profoundly
affecting the Earth’s ecological systems [1]. Of the LULC changes induced by humans, urbanization
manifests itself as the most widespread anthropogenic causes of the loss of arable land, habitat
destruction and the decline in natural vegetation cover [2]. Global urban areas are rapidly expanding
and nowadays, the majority of the world’s population lives in cities [2,3]. As ecosystems in urban
areas are strongly influenced by anthropogenic activities, considerable attention is currently directed
towards monitoring changes in urban LULC [4]. Such studies are particularly important because the
spatial characteristics of LULC are useful for understanding various impacts of human activities on
ecological conditions in urban environment.
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It has been projected that most of the world’s megacities will be in developing countries by
2020, such as China, India, Vietnam and Bangladesh [3]. In developing countries, urban expansion
is often rapid and unplanned, which can lead to unintended and detrimental consequences [1–10].
Cities are often located on the most productive agricultural lands, so any expansion of built-up areas
quickly consumes natural resources, compromising not only food production, but also the provision of
ecosystem goods and services that are derived from these landscapes. In developing countries, such as
China, India, Bangladesh and Vietnam, state-led industrialization and urban growth policies have
often compelled farmers to sell high-yield cropland to developers [2]. According to the Ministry of
Land and Resources of China, the total cultivated land in Mainland China continually decreased by
approximately 5.6 million hectares during last two decades [11].
Furthermore, urbanization also ultimately results in a considerable reduction in other natural
lands (e.g., green space, open spaces and water bodies). As the focal point of the urban ecological
system, green spaces play a crucial role in cleaning the air, adjusting the microclimate, eliminating
noise, beautifying the surroundings and so on. They support the construction of high-quality human
settlements, since green spaces act as the “lungs” of the city [3]. Furthermore, urbanization often leads
to the destruction of local environment, particularly in developing countries. The negative impact of
urbanization on the environment include increasing vulnerability to natural hazards, channel-bank and
road-surface erosion, habitat destruction, landscape degradation and fragmentation, climate change,
species extinction as well as the reduction of net primary productivity [1–10].
Collectively, the unchecked development of hundreds of cities and towns has raised national
and global concerns about energy security, greenhouse gas emissions, environmental changes and
major modifications to the natural landscape. In order to mitigate the detrimental effects associated
with urban growth on the natural resources, understanding the environment and how to maintain
optimal ecosystem functioning, spatial and temporal LULC patterns as well as the factors affecting
these changes are considerably important in developing rational economic, social and environmental
policies [5].
1.2. Remote-Sensing for Analyzing LULC Change
Remote-sensing is a powerful and cost-effective data source for assessing the spatial and temporal
dynamics of LULC [1–17]. Digital archives of remotely sensed data provide an excellent opportunity to
study historical land use/cover changes and to relate their spatio-temporal patterns to environmental
and human factors. With the rapid development of Earth observation techniques, it has become
convenient to obtain a large number of remotely-sensed imagery over a certain area at different times,
from hundreds of Earth observation platforms [12]. However, this brings challenges to researchers
to timely process this large amount of remote-sensing data as well as to rapidly transfer data into
information and knowledge [13]. Recently, the contradiction between rapid development of data
acquisition and the relatively lagging of data processing has become increasingly prominent [14].
In the past decades, researchers are inclined to employ supervised classification methods to obtain
LULC maps [18]. However, despite the need for substantial expert inputs, these algorithms are not able
to account for the variation in imaging dates, image quality, vegetation growth, weather conditions
and cloud cover [19]. This shortcoming resides in the instantaneous character of remote-sensing
images, which only provide snapshots of surface conditions. Classification algorithms and parameters
assigned for input data at a certain time are probably not suitable for those at other times, no matter
how well they were developed [20]. Essentially, samples for training classifiers and parameters have
to be collected each time for LULC mapping.
National or regional LULC maps are often produced in a yearly basis. In these cases, most existing
methods have to collect ground reference data at an annual frequency to train the classifiers [21–23].
However, collecting reference data and selecting sample sets always require a considerable amount of
time and a large budget, which makes it difficult to process a large number of images in a time-sensitive
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matter. Consequently, monitoring LULC changes across multiple years becomes a hard task, as time
series images must be processed.
A few studies have addressed an approach to mapping LULC in multiple years without real-time
training samples, namely the classification extension or generalization [24–26]. This method tries
to find sample sets to train classifiers, which is then utilized repeatedly for multiple years without
the need for year-to-year reformulation. For example, a phenology-based classification method was
used to map corn and soybean in multiple years using training data limited to a single year [19].
However, successful examples of classifier extension are rare and mostly occur in natural vegetation
environments [19,25–27].
To improve the performance of the classification extension, new sets of input variables with better
mapping capability need to be developed. Remote-sensing index has been commonly believed as a
simple and effective way to highlight certain LULC types [28,29]. For example, vegetation indices
(i.e., the Normalized Difference Vegetation Index (NDVI) [30,31] and Enhanced Vegetation Index
(EVI) [32]) have been successfully implemented in time-series image analysis [33]. As we know,
multiple indices for typical urban LULC have been developed, such as the Normalized Difference
Water Index (NDWI) [34,35], the Normalized Difference Built-up Index (NDBI) [36] and the Normalized
Difference Bare Land Index (NDBaI) [37]. In these cases, it is possible to map typical LULC with
pre-determined thresholds of these indices. However, it is commonly recognized that assigning a
suitable threshold to identify a certain class from an index image is difficult [36,38]. A low threshold
excludes pixels of this class, while a high value includes too many pixels of other classes. In most
studies, repeated experiments and comparisons are in demand to specify the threshold, which requires
substantial labor and a considerable amount of time [39].
This study aims to eliminate the need to collect training samples for mapping LULC in multiple
years with integrated usage of several indices. The classification strategy is designed as follows.
Remote-sensing indices are carefully selected to distinguish specific LULC. With these indices,
an unsupervised classifier is employed to build LULC clusters without training samples or assigning
thresholds. Following this, a supervised classification is tested with samples randomly collected from
the unsupervised clusters. Both are carefully compared with the results from a traditional method.
At last, characteristics and potential applications about the proposed strategy are discussed.
2. Study Site and Data
2.1. Study Site
Wuhan is known as the “Chicago of China” [40,41] due to its critical role in inland transportation.
The city’s climate is humid subtropical , with plentiful rainfall mainly from May to July [42]. As one
of the greatest developing cities in China, Wuhan is undergoing the most dramatic expansion in the
past decades. Since 2007, the city has had more than 5000 construction fields each year, with many
of them lasting more than one year [43]. On one hand, the rapid expansion brings great benefits to
citizens, such as job opportunities, convenient transportation, beautiful views and modern dwelling
environments. On the other hand, it induces serious air pollution (i.e., smog), water pollution and soil
loss in the city [44].
2.2. Data
Landsat images covering the Wuhan City (Path: 123, Row: 39) were carefully selected for this
study (Table 1). The data were downloaded with special consideration for cloud cover, phenology and
dryness of ground. In this study, Landsat TIR bands were rescaled to 30 m prior to building an index
image. As shown in the subset in Figure 1, many large bare lands are distributed around built-up areas
and lakes, illustrating on-going urban expansion.
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Figure 1. Study site: the upper left panel shows the location of Wuhan in China; the right panel 
illustrates the city boundary and an example Landsat image acquired on 31 July 2007; and the bottom 
left panel shows the detail of an image subset. 
Table 1. Landsat images used in this study. 
Captured Date Sensor Bands Spatial Resolution (m) Cloud Amount (%) 
27 July 2000 TM 7 30 5.0 
24 September 2004 TM 7 30 0.00 
31 July 2007 TM 7 30 0.01 
6 September 2009 TM 7 30 0.06 
8 June 2011 TM 7 30 0.00 
16 August 2013 OLI & TIRS 11 30 13.88 
The basic maps, climate and environment data of the city were collected from Wuhan Municipal 
Environmental Protection Bureau. Related social, commercial and transportation data came from 
Wuhan Statistical Yearbook. 
An independent set of very high resolution (VHR) imagery (IKONOS) covering the study site in 
2000, 2004, 2007, 2009, 2011 and 2013 were collected and served as validation sources. The manually 
interpreted bare lands from the VHR images were assumed to represent ground truth. The stratified 
randomized method was adopted to generate two hundred samples for both the bare land and “the other”. 
Atmospheric correction of all Landsat images in Table 1 was implemented by the FLAASH 
model in ENVI 5.1, using the Landsat sensor response functions, metadata of the Landsat images and 
meteorological data at the Wuhan station. Digital numbers at each pixel were converted to surface 
reflectance through this process. 
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In this study, urban LULC lands are classified into five typical types, namely built-up, bare land, 
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Figure 1. Study site: the upper left panel shows the location of Wuhan in China; the right panel
illustrates the city boundary and an example Landsat image acquired on 31 July 2007; and the bottom
left panel shows the detail of an image subset.
Table 1. Landsat images used in this study.
Captured Date Sensor Bands Spatial Resolution (m) Cloud Amount (%)
27 July 2000 TM 7 30 5.0
24 September 2004 TM 7 30 0.00
31 July 2007 TM 7 30 0.01
6 September 2009 TM 7 30 0.06
8 June 2011 TM 7 30 0.00
16 August 2013 OLI & TIRS 11 30 13.88
The basic maps, climate and environment data of the city were collected from Wuhan Municipal
Environmental Protection Bureau. Related social, commercial and transportation data came from
Wuhan Statistical Yearbook.
An independent set of very high resolution (VHR) imagery (IKONOS) covering the study site in
2000, 2004, 2007, 2009, 2011 and 2013 were collected and served as validation sources. The manually
interpreted bare lands from the VHR images were assumed to represent ground truth. The stratified
randomized method was adopted to generate two hundred samples for both the bare land and
“the other”.
Atmospheric correction of all Landsat images in Table 1 was implemented by the FLAASH
model in ENVI 5.1, using the Landsat sensor response functions, metadata of the Landsat images and
meteorological data at the Wuhan station. Digital numbers at each pixel were converted to surface
reflectance through this process.
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3. Methods
3.1. Indices Related to Typical LULC
In this study, urban LULC lands are classified into five typical types, namely built-up, bare land,
water body, agricultural land and forest. In this present study, agricultural land is actually a mixture
of crop fields, grasslands and other herbaceous covers. For each LULC type, a large number of
remote-sensing indices have been published [30,32]. This study summarized these indices in Table 2.
Table 2. Related indices.
Type Index Formula Reference
Vegetation index
DVI NIR − Red [45]
NDVI NIR − Red
NIR + Red
[30]
Water index
NDWI1
Green − NIR
Green + NIR
[35]
NDWI2
NIR − MIR
NIR + MIR
[34]
MNDWI
Green − MIR
Green + MIR
[28]
built-up Index
NDBI
SWIR1 − NIR
SWIR1 + NIR
[36]
UI
SWIR2 − NIR
SWIR2 + NIR
[46]
IBI
NDBI − (SAVI + MNDWI)/2
NDBI + (SAVI + MNDWI)/2
[47]
Bare land index
NDBaI
SWIR1 − TIR
SWIR1 + TIR
[37]
EBBI
SWIR1 − NIR
10
√
SWIR1 + TIR
[38]
NBLI Red − TIR
Red + TIR
[48]
Vegetation indices are usually the ratios or linear combinations of reflectance measurements in
different spectral bands, especially the visible and near-infrared bands, which are used to enhance
spectral differences between green vegetation and other LULCs. A considerable number of vegetation
indices have been proposed, ranging from very simple to very complex band combinations, including
the Band Ratio (RATIO), Band Difference (DVI), Band Sum (SUM), the Vegetation Index (VI), and the
Transformed Vegetation Index (TVI), Soil-Adjusted Vegetation Index (SAVI) [49], enhanced vegetation
index (EVI), Normalized Difference Vegetation Index (NDVI) and so on.
Water indices are developed to delineate open water features. For example, the Normalized
Difference Water Index (NDWI) maximizes reflectance of water at green light channel and minimizes
its low reflectance at NIR [35]. It also takes advantage of high reflectance of vegetation and soil features
at NIR. A previous study [34] proposed another NDWI to study water content in vegetation, using a
near infrared channel (centered approximately at 0.86 µm) and a mid-infrared channel (at 1.24 µm).
This index can effectively reflect the water stress of canopy. Another study [28] modified the NDWI by
using a middle infrared (MIR) band, such as TM5, to substitute the NIR band in it. In the modified
NDWI (MNDWI), noises, such as built-up pixels, are successfully eliminated from the enhanced
water features.
Built-up lands are dominated by impervious surfaces. Conversion from nature lands to
impervious lands often results in serious negative outcomes, such as heat islands, waterlogging and
photo-chemical smog. Many researchers have made use of remote-sensing imagery to extract built-up
lands. One study [36] proposed the Normalized Difference Built-up Index (NDBI) using TM4 and
TM5 and applied it in extracting urban areas of Nanjing City of China. Another study [46] proposed
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the Urban Index (UI) using Landsat TM7 and TM4, exploiting an observed inverse relationship
between the brightness of urban areas in near-infrared (0.76–0.90 µm) and mid-infrared (2.08–2.35 µm).
The Index-based Built-Up Index (IBI) [47] made use of three thematic indices rather than original
spectral bands to construct a new index. The subtraction of the SAVI band and the MNDWI band from
the NDBI band results in positive values for built-up pixels.
Due to similar spectral responses of bare lands and built-ups in addition to the presence of
mixed pixels in urban area, most built-up indices fail to delineate the two LULC types in a clear
manner [38], although some studies have used grey level co-occurrence matrices to extract urban areas
with good results [50]. In a developing city, bare lands should not be misclassified, owing to its large
coverage, unique physical characters and environmental impacts. Recently, one study [37] proposed
the Normalized Difference Bare Land Index (NDBaI) to distinguish the bare land, with Landsat band 5
(SWIR1) and band 6 (TIR). Another study [35] presented the Enhanced Built-up and Bare Land index
(EBBI) to map the built-up and bare land at the same time, using the NIR, SWIR1, and TIR bands
(Landsat ETM+ bands 4, 5 and 6). One study [48] proposed a Normalized Bare Land Index (NBLI)
to distinguish bare land areas, using the Red and Blue wavelength, which correspond to band 3 and
band 6 in Landsat TM.
As listed in Table 2, all these indices to extract vegetation, water, built-up and bare lands were
compared in this study.
3.2. Comparative Analysis
In order to find the optimal index to distinguish a specific LULC type, the capacity of all indices in
Table 2 were comparatively analyzed using hundreds of samples selected from index images (Figure 2).
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values in the NDWI1 image. Studies have shown that the extracted water was often mixed up with 
built-up land noises [41]. In the NDWI2 image, water is easily confused with vegetation. They have 
similar spectral differences between the NIR band (TM4) and MIR band (TM5). Thus, the calculation 
of NDWI2 produces high values for both vegetation and water. In MNDWI equation, the built-up 
and vegetation pixels have lower values while water has higher values. Therefore, MNDWI 
maximally delineated water from other classes. 
In the Vegetation index category, vegetation features are enhanced, while others are suppressed 
in both NDVI and DVI image. However, agricultural lands and forest have similar values in these 
two indices because of their spectral similarity. Thus, traditional vegetation indices cannot be used 
to distinguish the forest from agricultural land. 
In the Built-up index category, the built-up pixels are mixed up with bare land noises as both 
have similar values from the Green (TM2) to MIR band (TM5). It is impossible to clearly distinguish 
built-up from bare lands using those indices. Furthermore, vegetation (forest and agriculture) has 
values closer to the built-up land in NDBI and IBI, which may be related to higher MIR reflectance 
Figure 2. Statistics of samples of typical LULC types. All indices are grouped into four categories:
Water index, Vegetation index, built-up index and Bare land index. All digital numbers were stretched
into [0, 255]. Marks represent the average value of each type, while the bar in each direction indicates
one standard deviation from the average.
In the Water index category in Figure 2, all three indices are able to enhance water features, while
suppressing vegetation and soil types. However, built-up lands were found to have relatively high
values in the NDWI1 image. Studies have shown that the extracted water was often mixed up with
built-up land noises [41]. In the NDWI2 image, water is easily confused with vegetation. They have
similar spectral differences between the NIR band (TM4) and MIR band (TM5). Thus, the calculation
of NDWI2 produces high values for both vegetation and water. In MNDWI equation, the built-up and
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vegetation pixels have lower values while water has higher values. Therefore, MNDWI maximally
delineated water from other classes.
In the Vegetation index category, vegetation features are enhanced, while others are suppressed
in both NDVI and DVI image. However, agricultural lands and forest have similar values in these
two indices because of their spectral similarity. Thus, traditional vegetation indices cannot be used to
distinguish the forest from agricultural land.
In the Built-up index category, the built-up pixels are mixed up with bare land noises as both have
similar values from the Green (TM2) to MIR band (TM5). It is impossible to clearly distinguish built-up
from bare lands using those indices. Furthermore, vegetation (forest and agriculture) has values closer
to the built-up land in NDBI and IBI, which may be related to higher MIR reflectance from drier
vegetation. In the UI image, the distance between the built-up land and vegetation becomes further.
In the bare land index category, all indices are able to enhance the bare land features. In NDBaI,
bare lands are probably mixed up with vegetation and built-up noises. In EBBI, the error range of
built-up noises also overlaps with bare land, although the distance between them becomes slightly
larger than in NDBaI. In NBLI, bare land is separated clearly from all others. In particular, the distance
between bare land and built-up areas becomes far enough to be easily separated. This indicates a
promising tool to distinguish bare land from built-up areas in a clear manner. The unique problem is
that the error range of water may partly cover that of bare land. To avoid this problem, water needs to
be removed ahead of time.
It is also noticed that the difference between agricultural land and forest is clear in NBLI, as the
index is able to highlight soil composition at a pixel level. As the tree canopies are much denser than
crops, tree pixels have less soil effects than crop pixels. Therefore, it is possible to separate forest from
agricultural land with the NBLI. To highlight the forest, which has the lowest value in NBLI, an inverse
NBLI index is generated as (TIR − Red)/(TIR + Red).
3.3. Unsupervised Classification with Selected Indices
The comparison analysis above indicates that some indices have the ability to enhance a certain
LULC, especially MNDWI, NBLI and UI. Due to the apparent differences of LULC types in these
indices, it is possible to classify these types without training samples or thresholds. An unsupervised
classifier, the K-means approach, is employed to cluster the index images with default settings. In each
index image, the class type with the highest values is automatically assigned as the target. As shown
in Figure 3, a stepwise mapping method is proposed, which includes the following steps.
Step 1: Constructing the MNDWI, NBLI and UI image;
Step 2: Extracting water from the MNWI image with the K-means classifier;
Step 3: Removing water in the NBLI image, then extracting bare land with the K-means classifier;
Step 4: Removing water and bare land in the UI image, then extracting built-up with the
K-means classifier;
Step 5: Removing above classes in the inverse NBLI image, then extracting forest with
K-means classifier;
Step 6: Labeling left pixels as agricultural lands;
Step 7: Composite all layers into an initial LULC class map, and building the confusion matrix for
accuracy assessment.
Specifically, when a land cover was removed from an index image, a negative number was given
to the corresponding areas. Following this, the unsupervised classifier was implemented on this image.
The class with the highest value was extracted, mapped and given fixed class number, such as 1 for
built-up areas, 2 for forest and so on. After this, this thematic map was employed to remove land cover
from another index image for extracting another class. At last, outputs in the previous steps were
stacked and layered into the final LULC map.
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Figure 3. The flowchart of the unsupervised classification method.
3.4. Supervised Classification with Samples Selected Automatically
In the initial LULC map above, pixels with high values in an index image have a high possibility
of representing the related LULC. Under this hypothesis, an automatic method is presented to select
representative samples from the initial map from the unsupervised classification.
Step 1: Select all pixels of a certain LULC from the initial map and calculate its basic statistics of
the related index (i.e., the mean E and standard deviation σ).
Step 2: With a stratifi d randomized sampling method, collect sample pixel for ach LULC
with its related index values located in the range from [E + σ] to [E + 3σ]. The range is assigned in
this study to filter out extreme points (noises) but remain sufficient training samples. If a researcher
is inclined to select “pure samples” or “end members”, a small range from [E + 2σ] to [E + 3σ]
is suggested.
Step 3: Implement supervised classification with a typical classifier to map urban LULC.
Step 4: Build the confusion matrix for accuracy assessment with validation samples. The traditional
confusion (e ror) matrix for a single-date classification was employed in this study. From the confusion
matrix, the overall accuracy was calculated by dividing the sum of the entries along the diagonal by
the total number of validation samples. The Kappa coefficient of agreement was also derived from the
confusion matrix.
4. Results
4.1. Index Images
Remote sensing indices related to typical urban LULC types, including the MNDWI, NDWI1,
NDWI2, NDVI, DVI, IBI, NDBI, UI, NDBaI, EBBI, NBLI and inverse NBLI, were compared with the
TM scene covering Wuhan City on 31 July 2007.
The results in Figure 4 should be compared with the true color image in Figure 1 to analyze
the performance of indices on enhancing certain LULC. In the MNDWI image (Figure 4a), water is
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evidently enhanced and all other types are compressed effectively. In the NDWI1 image (Figure 4b),
gray tones in built-up and bare lands are close to water. In NDWI2 image (Figure 4c), the values of
vegetation lands (agriculture and forest) also get close to water. Therefore, it becomes difficulty to
extract water accurately from the latter two images.
From Figure 4d,e, agricultural land and forest have similar values in NDVI and DVI images.
It can be concluded that typical vegetation index cannot be used to separate agricultural lands from
forest. In the inverse NBLI image (Figure 4k), the differences between agricultural land and forest are
much clearer.
In Figure 4f–h, bare land and built-up areas share the same gray range. In this case, it is impossible
to separate each other, no matter which approaches we take. That is to say, these indices cannot be
directly employed to extract built-up areas in developing cities, as the bare land cannot be ignored
there. It is also noticed that both built-up and bare land get further away from other classes in the UI
image (Figure 4h). Therefore, it is possible to extract built-up areas if bare land could be masked out of
the UI image.
In the NDBaI image (Figure 4i), the tonal difference between bare land and built-up is clear.
However, some other classes, such as agricultural land, get very close to bare land, which may induce
serious misclassification. In the NBLI image (Figure 4k), the difference between bare land and other
classes is very clear. However, some water bodies have similar values with bare land, like the Yangzi
River, due to the suspended matter in water.
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4.2. Unsupervised Classification 
In this experiment, three selected indices (i.e., MNDWI, NBLI, UI and inversed NBLI) and the 
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4.2. Unsupervised Classification
In this experiment, three selected indices (i.e., MNDWI, NBLI, UI and inversed NBLI) and the
K-means classifier with default settings (i.e., 4 classes with 100 iterations at maximum) were adopted
to extract initial maps of typical urban LULC automatically. The initial results are shown in Figure 5
and Table 2. Only one targeted class was extracted in each index image. All non-target classes were
combined and labeled as “Other”.
Figure 5 illustrates that it is feasible to extract typical urban LULC types with the proposed
workflow as stated in Section 3.3. Aside from water, bare land and built-up areas, the method could
also separate forest from agricultural areas effectively without assigning samples or parameters.
Comparing Figure 5f to Figure 5b, many built-up areas are misclassified as bare land due to the Ostu
result. This proves that binary classifiers, such as the Otsu, are unable to find the right threshold for
a certain class, as there were often more than two classes in the index image.
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90%. Due to spectral similarity between agriculture and forest, a lower user accuracy of agriculture 
(69.65%) and a lower producer’s accuracy of forest (66.02%) were resulted. These accuracies are 
acceptable in this study since classification in vegetative lands is not the focus. 
Table 3. Error matrix of the unsupervised classification. 
Classification 
Ground Truth        Accuracy 
Agriculture Bare Land Built-Up Forest Water Total Prod. Acc. (%) User Acc. (%)
Agriculture 179 0 4 70 4 257 89.5 69.65 
Bare land 0 187 0 0 0 187 92.57 100.00 
built-up 10 15 196 0 0 221 98.00 88.69 
forest 5 0 0 136 0 141 66.02 96.45 
water 6 0 0 0 220 226 98.21 97.35 
Total 200 202 200 206 224 1032   
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Figure 5. Unsupervised classification results: (a) MNDWI and extracted water in the subset;
(b) water-masked NBLI and extracted bare land in the subset; (c) masked UI and extracted built-up
in the subset; (d) masked inverse NBLI and the extracted forest and agriculture in the subset; (e) the
combination of all LULC; and (f) comparison test, partial masked NBLI and extracted bare land
with Ostu.
In Table 3, the overall accuracy and kappa coefficient achieve 88.95% and 0.8619 respectively.
The overall indicators similar to those produced by traditional methods, and satisfy the requirements of
most applications. For most classes, their producer’s accuracy and user’s accuracy are higher than 90%.
Due to spectral similarity between agriculture and forest, a lower user accuracy of agriculture (69.65%)
and a lower producer’s accuracy of forest (66.02%) were resulted. These accuracies are acceptable in
this study since classification in vegetative lands is not the focus.
Table 3. Error matrix of the unsupervised classification.
Classification
Ground Truth Accuracy
Agriculture Bare Land Built-Up Forest Water Total Prod. Acc. (%) User Acc. (%)
Agriculture 179 0 4 70 4 257 89.5 69.65
Bare land 0 187 0 0 0 187 92.57 100.00
built-up 10 15 196 0 0 221 98.00 88.69
forest 5 0 0 136 0 141 66.02 96.45
water 6 0 0 0 220 226 98.21 97.35
Total 200 202 200 206 224 1032
Overall accuracy = 918/1032 = 88.95%
Kappa Coefficient = 0.8619
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4.3. Supervised Classification
Relying on the initial map of unsupervised classification in Figure 5e, training samples were
statistically identified and the support vector machine (SVM) classifier was adopted for advanced
classification of urban LULC types. The results are shown in Figure 6.
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Figure 6. Supervised classification: (a) ASC results and (b) TSC results.
It is evident that the ASC and TSC results match those in Figure 4e very well, which indicates
that the three methods have similar overall performance. Particularly, both supervised methods better
distinguished the forest from agricultural land. For example, the Luojia hill (a famous scenic site of
Wuhan University, marked by the black ellipse in the figure) becomes much clearer and more complete
in Figure 6b.
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As shown in Table 4, the ASC results also reach satisfied overall accuracy and kappa coefficient,
similar to that of the unsupervised classification). Specifically, the misclassification between built-up
and bare land becomes serious in ASC result, as the producer’s accuracy of bare land and the user’s
accuracy of built-up become lower (75.25% and 78.17% respectively). On the other hand, the difference
between forest and agriculture becomes much clearer in the result, as all related indicators are higher
than 80%.
Table 4. Error matrix of the automatic supervised classification (ASC).
Classification
Ground Truth Accuracy
Bare Land Built-Up Forest AgricultureWater Total Prod. Acc. (%) User Acc. (%)
Bare land 152 0 0 0 0 152 75.25 100.00
built-up 44 179 0 6 0 229 89.50 78.17
forest 0 0 194 19 0 213 94.17 91.08
Agriculture 6 21 11 169 3 210 84.50 80.48
water 0 0 1 6 221 228 98.66 96.93
Total 202 200 206 200 224 1032
Overall accuracy = 915/1032 = 88.66%
Kappa Coefficient = 0.8582
Table 5 shows that the TSC has very good performance. The overall accuracy and kappa efficiency
achieve 94.09% and 0.9261 respectively, and all detailed indicators are close to or higher than 90%. It is
noted that the accuracy of both UC and ASC productions are very close to that of TSC result. That
is to say, the proposed automatic approach could produce results with satisfied accuracy, so that the
method could be considered as an alternative or supplemental option to existing methods.
Table 5. Error matrix of the traditional supervised classification (TSC).
Classification
Ground Truth Accuracy
Agriculture Bare Land Built-Up Forest Water Total Prod. Acc. (%) User Acc. (%)
Agriculture 179 1 6 0 0 186 89.50 87.75
Bare land 2 187 0 18 0 207 92.57 98.94
built-up 10 13 194 0 0 217 97.00 89.40
forest 0 0 0 187 0 187 90.78 100.00
water 9 1 0 1 224 235 100.00 95.32
Total 200 202 200 206 224 1032
Overall accuracy = 971/1032 = 94.09%
Kappa Coefficient = 0.9261
4.4. Time Series Image Analysis
With the proposed method, the LULC maps of Wuhan city in 2000, 2004, 2007, 2009, 2011 and 2013
are generated to examine the LULC changes since 2000 (Figure 7). The post-classification comparison
of change detection was carried out using ENVI 5.1, producing a summary of the major LULC
conversions, namely ‘from-to’ information, which occurred during the study period.
Spatial patterns of LULC changes in the Wuhan area for 2000, 2004, 2007, 2011 and 2013 are
shown in Figure 7. The city has expanded dramatically since 2000 in both built-up areas and bare
lands. Analysis of the LULC changes in Table 6 revealed an increase in these land types over the
study period. Built-up areas increased by 71.52 km2 between 2000 and 2004; 120.12 km2 between 2004
and 2007 km2 between 2007 and 2009; 128.03 km2 between 2009 and 2011; and 110.35 km2 between
2011 and 2013. The net increase in built-up areas over the study period was 552.69 km2, which is an
average of more than 42 km2/year. Similarly, bare land areas increased by 78.36 km2 between 2000
and 2004; 35.89 km2 between 2004 and 2007; 16.33 km2 between 2007 and 2009; 15.41 km2 between
2009 and 2011; and 21.92 km2 between 2011 and 2013. The net increase in bare land areas over the
study period was 167.91 km2, which is an average of more than 12.9 km2/year. When compared
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with other cities in developing counties, such as Dhaka City in Bangladesh, the rate of the built-up
expansion in Dhaka City was 4.47 km2/year, while that of bare land was 4.24 km2/year between 2000
and 2011 [10]. The nature of urban expansion is generally related to demographic change, economic
growth, topography, land use and transportation [1]. Close examination of the change detection
statistics revealed that approximately 648.80 km2 of the built-up area and bare land in Wuhan were
previously either agricultural areas between 2000 and 2013, 34.39 km2 of them were from water bodies
and 37.51 km2 of them were from forest.
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exploited for constructions, such as that in Hanoi [8]. 
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4.5. Another Example 
Guangzhou is currently the third highest populated city in mainland China, behind Beijing and 
Shanghai. It is located within the Pearl River Delta at the downstream of Pearl River, about 120 km 
(75 mi) north-northwest of Hong Kong and 145 km (90 mi) north of Macau. In 2015 the city’s 
administrative area was estimated to have a population of 13,501,100 and belongs to one of the most 
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provinces of China in Guangzhou was 40 percent of the city’s total population. For the three 
consecutive years 2013–2015, Forbes ranked Guangzhou as the best commercial city on the Chinese 
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Table 6. Major LULC conversions from 2000 to 2013 (km2).
From Class To Class 2000–2004 2004–2007 2007–2009 2009–2011 2011–2013
Water bodies
built-up 2.92 4.3 4.04 3.73 2.58
Bare land 3.60 2.11 5.26 2.79 3.06
agricultural land built-up 31.85 2 .56 36.27 28.97 31.10
Bare land 100.7 107.65 84.20 106.39 92.11
Forest
built-up 1.54 3.46 4.86 1.80 0.86
Bare land 9.27 8.93 2.37 1.76 2.66
Bare land built-up 35.21 82.80 77.50 93.53 75.91
Ge erally, two national econo i zones wer observed to have promoted built-up and bar land
growth. In the sou hwest, the m in development is the national Wuhan Economic Development
Zone dominated by the vehicle production ind stry. In the east, the main development area is the
national East Lake High Tech Development Zo e known as the “China’s optic valley”. The two zones
are engines driving the city’s economic development. Large areas of agricultural lands have been
exploited for constructions, such as that in Hanoi [8].
The analysis also revealed that the area occupied by water bodies decreased by 2.75%, forest by
8.18% and agricultural land by 12.52% between 2000 and 2013. Significant increases in built-up and
bare land were observed in this period. Specifically, built-up areas increased in size by 204.45% and
bare land by 40.96% in the period from 2000 to 2013. The decline of vegetation and water bodies was
clearly due to intensification of urban development in the Wuhan, particularly due to the establishment
of national development zones.
4.5. Another Example
Guangzhou is currently the third highest populated city in mainland China, behind Beijing
and Shanghai. It i located within the P arl River Delt at th downstream of Pearl River, about
120 km (75 mi) north-northwest of Hong Kong and 145 km (90 mi) north of Macau. In 2015 the
city’s administrative area was estimated to have a population of 13,501,100 and belongs to one of
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the most populous metropolitan agglomerations on Earth. In 2008, the migrant population from
other provinces of China in Guangzhou was 40 percent of the city’s total population. For the three
consecutive years 2013–2015, Forbes ranked Guangzhou as the best commercial city on the Chinese
mainland. Guangzhou has a warm, monsoon-influenced, humid subtropical climate. The primary
LULCs in the city include built-up, forest, water and bare land. Our test is implemented with a Landsat
image acquired on 2 November 2009. The results are shown in Figure 8.
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Figure 8. An example test in Guangzhou City. (a) The Landsat image of the city on 2 November 2009; 
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Figure 8. An example test in Guangzhou City. (a) The Landsat image of the city on 2 November
2009; (b) the MNDWI image in psudo-color; (c) the NBLI image in psudo-color; (d) the UI image in
psudo-color; (e) the inverse NBLI image in psudo-color; and (f) the unsupervised classification result.
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Figure 8 reveals that the proposed method could be successfully implemented in a different
region. The differences between water, bare land, built-up areas, forest and agricultural land are clear
in the index images. The classification results match the visual interpretation very well, and the overall
accuracy and kappa coefficient achieve 89.2% and 0.8734 respectively. Only few great bare lands were
observed within the city core, illustrating that Guangzhou has been well developed in 2009. Contrarily,
Wuhan is still under rapid constructing.
5. Discussion
5.1. Characteristics of the Automatic Method
Remote sensing index has been proved as a simple, reliable and effective way to highlight and
extract certain LULC. It is a much faster and cheaper approach to map LULC, compared with various
classification methods. However, for some special classes, it may be hard to find a suitable index.
For example, it is hard to distinguish the forest from crop land with vegetation indices. In this study,
several indices were carefully selected from hundreds of published to map typical urban LULC,
including MNDWI, NBLI and UI, for highlighting the water, bare land and built-up respectively.
Besides, the inverse NBLI was adopted to separate forest from agricultural land. It was thought to
be rational and effective to some extent, as the index could reflect the difference in soil percentage
of a pixel. Since the tree canopy are much denser than crops’, pixels belonging to trees should have
lower soil percentage than those belonging to crops. Then, an attempt towards classifying typical
urban LULC automatically without assigning training samples or thresholds with proposed indices,
were implemented. Experiment results have verified the feasibility and validity of the proposed
method. This study points out a promising way to deal with remote sensing big data, especially on
mapping urban LULC with Landsat time series images.
As binary classifiers, like the Otsu, are unable to find the right threshold for a certain class,
the common unsupervised classifier, K-means, was adopted to define the threshold for extracting
specific class from the index image, with default settings. Experiment results prove the method is very
effective to extract a certain LULC from related index image. This proves the proposed method is
able to obtain satisfied results without special settings or assumptions, as the K-means is a simple and
common classifier. It is possible that better results could be obtained if other unsupervised classifiers
are adopted in the process. Tests on other unsupervised classifiers may achieve better results.
In the unsupervised classification result, samples for training supervised classifier were randomly
selected from the set of pixels having higher value in the index image. It was believed that those
pixels could represent the typical samples of related LULC. In order to assign the index value range
for defining the set of candidates, tests on different set of pixels were carried out and analyzed.
It was found that using samples with very high index value in the supervised classification often
leaded to lower accuracy, even if extreme pixels had been filtered. So those samples should not be
thought as pure pixels. At last, a suitable range was recommended and stated in Section 3.4. Results
illustrated that the proposed methods could achieve satisfied accuracy, similar to the traditional
approach. The supervised method could distinguish the forest from agricultural land more clearly.
However, its performance became worse when dealing with other classes. Generally, the supervised
classification did not improve the accuracy dramatically, so the unsupervised method is recommended
for practical implementation.
A problem will appear when dealing with detailed subclasses other than the five classes, that how
to find suitable indices for them. Generally, remote sensing indices were mainly developed for typical
and evident classes in median or low resolution images, while few indices were designed for subclasses,
like grass, corn, soybean, wheat, etc. It is possible to detect insignificant differences between subclasses,
by combining multiple indices. For example, water bodies extracted from the MNDWI image, can be
further divided according to the percentage of suspended solids in them, which could be displayed
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in NBLI image to some extent. More analysis and testes on the spectral characters of subclasses,
are necessary for this.
Although the method has been successfully applied in the city of Wuhan and Guangzhou,
and dealing with time series images, its adaptability should also be further analyzed and tested.
Conventionally, classification methods often depends on the local landscape being classified, and
landscape really change a lot depending on the part of the globe. It is also noticed that, some special
situations may influence the classification accuracy of the proposed method. For example, a follow
agricultural land is probably classified as a bare land, and a flooded land may be classified as a lake.
To avoid this error, special consideration for cloud, phenology and dryness of ground should be paid.
In addition, more tests are needed to verify and improve the adaptability of the proposed method.
5.2. Analyses on Urbanization of Wuhan
With the proposed method and time series images, LULC changes of Wuhan have been mapped.
Urbanization process of the city was monitored and analyzed from the maps, since urban growth
is crucial for local environmental and ecological management. The city of Wuhan has undergone
one of the most rapid economic, industrial and urban development in its history, similar to other
cities in China, India, Bangladesh, Vietnam and other developing counties [1–10,51–57]. The study
revealed that the urban expansion in Wuhan has been rapid, with the majority of built-up and bare
land acquired by converting areas that were previously agricultural land, forest and water bodies.
This suggests the existence of increased pressure on natural resources in the city to meet the increasing
demand for urban land.
A related study disclosed that LULC changes and urban expansion of the city are governed
by a combination of geographical, environmental and socio-economic factors. Rapid growth of the
economy is the primary cause for rapid urbanization, as economic opportunities in the city are fueling
rural to urban migration on a massive scale [51]. Census data indicated that the urban GDP of Wuhan
was only 17.76 billion dollars in 2000, which increased to 133.17 billion dollars in 2013, with an annual
growth rate of 49.99% [42,43]. During the period, the urban population of Wuhan was 7.58 million
in 2000, which slightly increased to 8.95 million in 2013, with an annual growth rate of 1.39% [42,43].
In Dhaka, Bangladesh, population growth is the main cause for rapid urbanization, as its annual
average population growth was 5% during the same period [1].
The rapid and poorly managed expansion, together with the surging popularity of private vehicles,
has led to a plague of “city diseases”, such as flooding and water logging, air pollution, water pollution,
noise, solid waste in addition to ecosystem and environment changes [44]. This process is similar that
which has occurred in Ho Chi Minh [2], Dhaka [1,3–6,10], Delhi [7], Hanoi [8] and Ansan [9]. Numerous
bare land areas emerging along with urbanization processes have cast irreversible impacts on the urban
environment, such as air pollution and soil loss [51–57]. In the plum rain season, flash flooding hazards
have become a serious issue and have caused human death and damages to urban infrastructure in
the city [52], similar to that in Dhaka [3]. One study [53] investigated the consequence of LULC change
on thermal environment. This study found that built-up and bare land types consistently exhibited the
highest mean LST (Land Surface Temperature), while water-bodies consistently exhibited the lowest
temperatures each year and did not significantly change throughout the study period. These findings
reflect the results of similar studies in other developing cities. For instance, one study [6] found the
increase in unmanaged urbanization in Dhaka and its immediate surroundings has led to a continuous
increase in LST as vegetation and floodplains are converted into either bare land or built-up surfaces.
As indicated in this study, urbanization requires more and more built-up areas for housing,
business and transport networks, which is generally being met through the development of natural
lands (e.g., agriculture lands, forests, water bodies and so on). This ultimately results in a considerable
reduction in the open and green areas of that region. Related studies have reported that the increasing
level of urbanization was leading to landscape fragmentation in Wuhan [54,55]. This resembles the
findings in previous studies [4,5] that the rapid human activity in Dhaka, Bangladesh has leaded to
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numerous unconnected small patches of vegetation and cultivated land, greater isolation as well as
higher percentage of edge areas in patches.
Rapid urbanization, along with improper land use, manufacturing industries and large number of
vehicles has probably resulted in serious air pollution, water pollution and solid waste [56]. According
to the report from the local government [57], 160 days in 2013 had good air quality, which only accounts
for 43.8% of the year. The annual average concentration of PM2.5 was 94 µg/m3, which is 1.7 times
higher than the criterion. Only 51.5% of the year had a PM2.5 lower than the criterion. Investigation
of water quality disclosed that 23.3% monitored stations of 11 major streams, 14.6% of 89 major
lakes and 41.1% of 73 other lakes could not meet the lowest water quality criterion (the Chinese
V type) [57]. Related monitoring showed the average noise on road at night in downtown was
60 decibels, which is labelled as officially bad [57]. Furthermore, the general industrial solid waste was
13,815,500 tons in 2013 [57]. Similarly, the report about another developing city, Dhaka Metropolitan
Area of Bangladesh, revealed that the increasing population, triggered by rural-urban migration,
imposed enormous pressure on the meagre resource bases and resulted in serious environmental
degradation of the city [3].
6. Conclusions
Most developing cities in China and other countries have undergone one of the most rapid
urban development in human history. The rapid urbanization in developing cities has also led to an
increase in “city diseases”, natural hazards and environmental changes. Traditionally, researchers are
inclined to map LULC with supervised classification methods, which always needs a considerable
amount of time and a large budget. Using remote-sensing indices has been proved as a simple,
reliable and effective way. However, assigning a suitable threshold is always difficult. This study
presented a novel strategy to map urban typical LULC without training samples or specifying
parameters. First of all, several novel indices were carefully selected from the index pool. Following
this, an unsupervised classifier was employed to extract LULC from the index image without assigning
thresholds. After this, an automatic supervised classification was also tested with samples randomly
collected from previous result.
The overall accuracy and kappa coefficient of the unsupervised classification results achieve
88.95% and 0.8619 respectively, which are not much lower than those of traditional methods.
Specifically, most producer’s accuracies and user’s accuracies are higher than 90%, except the user
accuracy of agriculture (69.65%) and the producer’s accuracy of forest (66.02%). The supervised
classification also obtains satisfied overall accuracy and kappa coefficient. Here, all indicators related
to forest and agriculture become higher than 80%, while the producer’s accuracy of bare land and the
user’s accuracy of built-up become lower (75.25% and 78.17% respectively).
The proposed strategy can save considerable time and labor forces for mapping LULC from
remote-sensing images in multiple years. This will help researchers obtain more findings on
the spatial-temporal patterns of LULC changes as well as the interactions between human and
surroundings. Further studies will be carried out to find new indices for extracting some subclasses.
The study also suggests that it is possible to detect insignificant differences between subclasses by
combining multiple indices. This study points out that it is possible to map LULC automatically
with several suitable indices and a cluster method, although further analysis on indices and clusters
are needed.
Acknowledgments: We’d like to appreciate the three anonymous reviewers, whose comments are all valuable
and very helpful for revising and improving our manuscript. The present study is supported by Natural Science
Foundation of China (41102209, 41102210), the China Geological Survey grant (2017060002) and Supported by
the Key Laboratory of Agri-informatics, Ministry of Agriculture, China, the key laboratory of watershed ecology
and geographical environment monitoring, NASG, and Key Laboratory of Space Ocean Remote Sensing and
Application, SOA.
Author Contributions: Cheng Zhong and Zhi Zhang conceived and designed the experiments; Cuizhen Wang
and Hui Li performed the experiments and wrote the paper; Qingbin Liu analyzed the data.
Remote Sens. 2017, 9, 700 21 of 23
Conflicts of Interest: The authors declare no conflict of interest.
References
1. Dewan, A.M.; Yamaguchi, Y. Land use and land cover change in Greater Dhaka, Bangladesh: Using remote
sensing to promote sustainable urbanization. Appl. Geogr. 2009, 29, 390–401. [CrossRef]
2. Kontgis, C.; Schneider, A.; Fox, J.; Saksena, S.; Spencer, H.J. Castrence, M. Monitoring peri-urbanization in
the greater Ho Chi Minh City metropolitan area. Appl. Geogr. 2014, 53, 377–388. [CrossRef]
3. Dewan, A.M.; Kabir, M.H.; Nahar, K.; Rahman, M.Z. Urbanisation and environmental degradation in Dhaka
Metropolitan Area of Bangladesh. Int. J. Environ. Sustain. Dev. 2012, 11, 118–147. [CrossRef]
4. Byomkesh, T.; Nakagoshi, N.; Dewan, A.M. Urbanization and green space dynamics in Greater Dhaka,
Bangladesh. Landsc. Ecol. Eng. 2012, 8, 45–58. [CrossRef]
5. Dewan, A.M.; Yamaguchi, Y.; Rahman, M. Dynamics of land use/cover changes and the analysis of landscape
fragmentation in Dhaka Metropolitan, Bangladesh. GeoJournal 2012, 77, 315–330. [CrossRef]
6. Trotter, L.; Dewan, A.; Robinson, T. Effects of rapid urbanisation on the urban thermal environment between
1990 and 2011 in Dhaka Megacity, Bangladesh. AIMS Environ. Sci. 2017, 4, 145–167. [CrossRef]
7. Mohan, M.; Kandya, A. Impact of urbanization and land-use/land-cover change on diurnal temperature
range: A case study of tropical urban airshed of India using remote sensing data. Sci. Total Environ. 2015,
506, 453–465. [CrossRef] [PubMed]
8. Hai, M.P.; Yamaguchi, Y. Urban growth and change analysis using remote sensing and spatial metrics from
1975 to 2003 for Hanoi, Vietnam. Int. J. Remote Sens. 2011, 32, 1901–1915.
9. Chen, X. Using remote sensing and GIS to analyse land cover change and its impacts on regional sustainable
development. Int. J. Remote Sens. 2002, 23, 107–124.
10. Corner, R.J.; Dewan, A.M.; Chakma, S. Monitoring and Prediction of Land-Use and Land-Cover (LULC)
Change. In Dhaka Megacity-Geospatial Perspectives on Urbanisation, Environment and Health; Dewan, A.,
Corner, R., Eds.; Springer: New York, NY, USA, 2013; pp. 75–98.
11. Xiao, L.; Yang, X.; Cai, H.; Zhang, D. Cultivated Land Changes and Agricultural Potential Productivity in
Mainland China. Sustainability 2015, 7, 11893–11908. [CrossRef]
12. Ma, Y.; Wu, H.P.; Wang, L.Z.; Huang, B.M.; Ranjan, R.; Zomaya, A.; Jie, W. Remote sensing big data
computing: Challenges and opportunities. Future Gener. Comp. Syst. 2015, 51, 47–60. [CrossRef]
13. Adjorlolo, C.; Mutanga, O.; Cho, M.A.; Ismail, R. Challenges and opportunities in the use of remote sensing
for C3 and C4 grass species discrimination and mapping. Afr. J. Range Forage Sci. 2012, 5490, 563–573.
14. Aghakouchak, A.; Farahmand, A.; Melton, F.S.; Teixeira, J.; Anderson, M.C.; Wardlow, B.D.; Hain, C.R.
Remote sensing of drought: Progress, challenges and opportunities. Rev. Geophys. 2015, 53, 452–480.
[CrossRef]
15. Carreiras, J.M.B.; Jones, J.; Lucas, R.M.; Gabrie, C. Land Use and Land Cover Change Dynamics across the
Brazilian Amazon: Insights from Extensive Time-Series Analysis of Remote Sensing Data. PLoS ONE 2014, 9,
e104144. [CrossRef] [PubMed]
16. Salazara, A.; Baldib, G.; Hirotac, M.; Syktusa, J.; McAlpin, C. Land use and land cover change impacts on
the regional climate of non-Amazonian South America: A review. Glob. Planet. Chang. 2015, 128, 103–119.
[CrossRef]
17. Paul, S.; Ghosh, S.; Oglesby, R.; Pathak, A.; Chandrasekharan, A.; Ramsankaran, R.A.A.J. Weakening of
Indian Summer Monsoon Rainfall due to Changes in Land Use Land Cover. Sci. Rep. 2016, 6, 32177.
[CrossRef] [PubMed]
18. Bey, A.; Díaz, A.S.; Maniatis, D.; Marchi, G.; Mollicone, D.; Ricci, S.; Bastin, J.-F.; Moore, R.; Federici, S.;
Rezende, M.; et al. Collect Earth: Land Use and Land Cover Assessment through Augmented Visual
Interpretation. Remote Sens. 2016, 8, 807. [CrossRef]
19. Zhong, L.; Hawkins, T.; Biging, G.; Gong, P. A phenology-based approach to map crop types in the San
Joaquin Valley, California. Int. J. Remote Sens. 2011, 32, 7777–7804. [CrossRef]
20. Rodriguez-Galiano, V.F.; Chica-Olmo, M.; Abarca-Hernandez, F.; Atkinson, P.M.; Jeganathan, C. Random
Forest classification of Mediterranean land cover usingmulti-seasonal imagery and multi-seasonal texture.
Remote Sens. Environ. 2012, 121, 93–107. [CrossRef]
Remote Sens. 2017, 9, 700 22 of 23
21. Serra, P.; More, G.; Pons, X. Thematic accuracy consequences in cadastre land-cover enrichment from a pixel
and from a polygon perspective. Photogramm. Eng. Remote Sens. 2009, 75, 1441–1449. [CrossRef]
22. Shao, Y.; Lunetta, R.S.; Ediriwickrema, J.; Liames, J. Mapping cropland and major crop types across the great
lakes basin using MODIS-NDVI data. Photogramm. Eng. Remote Sens. 2010, 76, 73–84. [CrossRef]
23. Pena-Barragan, J.M.; Ngugi, M.K.; Plant, R.E.; Six, J. Object-based crop identification using multiple
vegetation indices, textural features and crop phenology. Remote Sens. Environ. 2011, 115, 1301–1316.
[CrossRef]
24. Thenkabail, P.S.; Biradar, C.M.; Noojipady, P.; Dheeravath, V.; Li, Y.; Velpuri, M.; Gunna, O.R.P.;
Gangalakunta, H.; Turral, X.; Cai, J.; et al. Global irrigated area map (GIAM), derived from remote sensing,
for the end of the last millennium. Int. J. Remote Sens. 2009, 30, 3679–3733. [CrossRef]
25. Baraldi, A. Satellite Image Automatic Mapper™ (SIAM™)—A Turnkey software executable for automatic
near real-time multi-sensor multi-resolution spectral rule-based preliminary classification of spaceborne
multi-spectral images. Recent Pat. Space Technol. 2011, 1, 81–106. [CrossRef]
26. Hestir, E.L.; Greenberg, J.A.; Ustin, S.L. Classification trees for aquatic vegetation community prediction
from imaging spectroscopy. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2012, 5, 1572–1584. [CrossRef]
27. Zhong, L.; Gong, P.; Biging, G.S. Efficient corn and soybean mapping with temporal extendability:
A multi-year experiment using Landsat imagery. Remote Sens. Environ. 2014, 140, 1–13. [CrossRef]
28. Xu, H.Q. Modification of Normalized Difference Water Index (NDWI) to Enhance Open Water Features in
Remotely Sensed Imagery. Int. J. Remote Sens. 2006, 27, 3025–3033. [CrossRef]
29. Xu, H.Q. Analysis of impervious surface and its impact on urban heat environment using the Normalized
Difference Impervious Surface Index (NDISI). Photogramm. Eng. Remote Sens. 2010, 76, 557–565. [CrossRef]
30. Tucker, C.J. Red and photographic infrared linear combinations for monitoring vegetation. Remote Sens.
Environ. 1979, 8, 127–150. [CrossRef]
31. Nouri, H.; Beecham, S.; Anderson, S.; Nagler, P. High Spatial Resolution WorldView-2 Imagery for Mapping
NDVI and Its Relationship to Temporal Urban Landscape Evapotranspiration Factors. Remote Sens. 2014, 6,
580–602. [CrossRef]
32. Jiang, Z.; Huete, A.R.; Didan, K.; Miura, T. Development of a two-band Enhanced Vegetation Index without
a blue band. Remote Sens. Environ. 2008, 112, 3833–3845. [CrossRef]
33. Zhong, C.; Wang, C.Z.; Wu, C.S. MODIS-based Crop Mapping in the U.S. Midwest with Spatially Constrained
Phenology Mixture Analysis. Remote Sens. 2015, 7, 512–529. [CrossRef]
34. Gao, B.C. NDWI—A normalized difference water index for remote sensing of vegetation liquid water from
space. Remote Sens. Environ. 1996, 58, 257–266. [CrossRef]
35. Mcfeeters, S.K. The use of normalized difference water index (NDWI) in the delineation of open water
features. Int. J. Remote Sens. 1996, 17, 1425–1432. [CrossRef]
36. Zha, Y.; Gao, J.; Ni, S. Use of normalized difference built-up index in automatically mapping urban areas
from TM imagery. Int. J. Remote Sens. 2003, 24, 583–594. [CrossRef]
37. Zhao, H.M.; Chen, X.L. Use of Normalized Difference Bareness Index in Quickly Mapping Bare Areas from
TM/ETM+. In Proceedings of the 2005 IEEE International Geoscience and Remote Sensing Symposium,
Seoul, Korea, 29 July 2005; Volume 3, pp. 1666–1668.
38. As-syakur, A.R.; Adnyana, I.W.; Arthana, I.W.; Nuarsa, I.W. Enhanced Built-Up and Bareness Index (EBBI)
for Mapping Built-Up and Bare Land in an Urban Area. Remote Sens. 2012, 4, 2957–2970. [CrossRef]
39. Gu, Y.; Hunt, E.; Wardlow, B.; Basara, J.B.; Brown, J.F.; Verdin, J.P. Evaluation of MODIS NDVI and NDWI
for vegetation drought monitoring using Oklahoma Mesonet soil moisture data. Geophys. Res. Lett. 2008, 35,
L22401. [CrossRef]
40. Foreign News: On to Chicago. Time. 13 June 1938. Available online: http://content.time.com/time/
magazine/article/0,9171,848985,00.html (accessed on 20 November 2015).
41. Chicago Is All over the Place. Available online: http://articles.chicagotribune.com/2012-05-13/news/ct-
talk-nato-chicago-0513-20120513_1_violent-crime-chicago-connection-south-america-s-chicago (accessed
on 20 November 2015).
42. Statistic Report of Economy and Social Development of Wuhan in 2014. Available online: http://www.
whtj.gov.cn/downlist.aspx?id=2012111010461248&tn=2012111010454262 (accessed on 20 November 2015).
(In Chinese)
Remote Sens. 2017, 9, 700 23 of 23
43. Statistic Report of Economy and Social Development of Wuhan in 2015. Available online: http://www.
whtj.gov.cn/downlist.aspx?id=2012111010461248&tn=2012111010454262 (accessed on 20 November 2015).
(In Chinese)
44. The Main Source of PM2.5 in Wuhan Is the Dust of Construction Field. Available online: http://news.
cnhubei.com/xw/wuhan/201412/t3115166.shtml (accessed on 20 November 2015). (In Chinese)
45. Richardson, A.J.; Everitt, J.H. Using spectral vegetation indices to estimate rangeland productivity.
Geocarto Int. 1992, 1, 63–69. [CrossRef]
46. Kawamura, M.; Jayamana, S.; Tsujiko, Y. Relation between social and environmental conditions in Colombo
Sri Lanka and the urban index estimated by satellite remote sensing data. Int. Arch. Photogramm. Remote
Sens. 1996, 31, 321–326.
47. Xu, H.Q. A new index for delineating built-up land features in satellite imagery. Int. J. Remote Sens. 2008, 29,
4269–4276. [CrossRef]
48. Li, H.; Wang, C.Z.; Zhong, C.; Su, A.J.; Xiong, C.R.; Wang, J.E.; Liu, J.Q. Mapping Urban Bare Land
Automatically from Landsat Imagery with a Simple Index. Remote Sens. 2017, 9, 249. [CrossRef]
49. Huete, A.R. A soil-adjusted vegetation index (SAVI). Remote Sens. Environ. 1988, 25, 295–309. [CrossRef]
50. Cabral, P. Délimitation d’aires urbaines à partir d’une image Landsat ETM+: Comparaison de méthodes de
classification. Can. J. Remote Sens. 2007, 33, 422–430. [CrossRef]
51. Lu, S.S.; Guan, X.L.; He, C.; Zhang, J.L. Spatio-Temporal Patterns and Policy Implications of Urban
Land Expansion in Metropolitan Areas: A Case Study of Wuhan Urban Agglomeration, Central China.
Sustainability 2014, 6, 4723–4748. [CrossRef]
52. Li, L.Y.; Xu, T.B.; Chen, Y. Improved Urban Flooding Mapping from Remote Sensing Images Using
Generalized Regression Neural Network-Based Super-Resolution Algorithm. Remote Sens. 2016, 8, 625.
[CrossRef]
53. Xie, Q.; Zhou, Z. Impact of urbanization on urban heat island effect based on TM imagery in Wuhan, China.
Environ. Eng. Manag. J. 2015, 14, 647–655.
54. Wu, H.; Sun, Y.; Shi, W.; Chen, X.; Fu, D. Examining the Satellite-Detected Urban Land Use Spatial Patterns
Using Multidimensional Fractal Dimension Indices. Remote Sens. 2013, 5, 5152–5172. [CrossRef]
55. Yang, Y.T.; Wang, Y.; Wu, K.; Yu, X. Classification of Complex Urban Fringe Land Cover Using Evidential
Reasoning Based on Fuzzy Rough Set: A Case Study of Wuhan City. Remote Sens. 2016, 8, 304. [CrossRef]
56. Gao, Q.; Liu, Y.T.; Mao, H.Y. Environmental influence of Wuhan urban agglomeration development and
strategies of environmental protection. J. Environ. Sci. 2006, 18, 616–623.
57. Wuhan Environmental Protection Bureau. Report of Wuhan Environment in 2013. Available online:
http://www.whepb.gov.cn/hbHjzkgb/11941.jhtml (accessed on 10 June 2017). (In Chinese)
© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
